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Abstract

Fastandhigh-qualitydocumentlusteringalgorithmsplay animportantrole in providing intuitive navigationand
browsing mechanism$y organizinglarge amountsof informationinto a small numberof meaningfulclusters. In
particular hierarchicalclusteringsolutionsprovide a view of the dataat differentlevels of granularity makingthem
idealfor peopleto visualizeandinteractively explorelarge documentollections.

Thefocusof this papeiis to evaluatedifferenthierarchicatlusteringalgorithmsandtowardthis goalwe compared
variouspartitionaland agglomeratre approaches Our experimentalevaluationshaved that partitional algorithms
alwaysleadto betterclusteringsolutionsthan agglomeratie algorithms,which suggestghat partitional clustering
algorithmsarewell-suitedfor clusteringlarge documentatasetglueto not only their relatively low computational
requirementshut alsocomparabl@r evenbetterclusteringperformance.

We alsopresenta new classof clusteringalgorithmscalledconstainedagglomeative algorithmsthat combine
thefeaturesof both partitionalandagglomeratie algorithms.Our experimentaresultsshavedthatthey consistently
leadto betterhierarchicakolutionsthanagglomeraitie or partitionalalgorithmsalone.

1 Introduction

Hierarchicalclusteringsolutionswhich arein theform of treescalleddendpgrams areof greatinterestfor anumber
of applicationdomains.Hierarchicaltreesprovide aview of the dataat differentlevelsof abstractionThe consisteng
of clusteringsolutionsat differentlevels of granularityallows flat partitionsof differentgranularityto be extracted
during dataanalysis,making themideal for interactive explorationand visualization. In addition, thereare mary
timeswhenclustershave subclustersandthe hierarchicalstructureareindeeda naturalconstrainon the underlying
applicationdomain(e.g., biologicaltaxonomy phylogenetictrees)[9].

Hierarchicalclusteringsolutionshave beenprimarily obtainedusingagglomeratie algorithmg[27, 19, 10, 1118],
in which objectsareinitially assignedo its own clusterandthen pairs of clustersare repeatedlymeiged until the
wholetreeis formed.However, partitionalalgorithms[22, 16, 24,5, 33, 13,29, 4, 8] canalsobeusedto obtainhierar
chicalclusteringsolutionsvia a sequence ofepeatedisections.n recentyearsvariousresearcherbave recognized
thatpartitionalclusteringalgorithmsarewell-suitedfor clusteringlarge documentatasetsiueto their relatively low
computationatequirementg6, 20, 1, 28]. However, thereis the commonbelief thatin termsof clusteringquality;
partitionalalgorithmsareactuallyinferior andlesseffective thantheir agglomeratie counterpartsThis beliefis based
both on experimentswith low dimensionadatasetaswell was asa limited numberof studiesin which agglomera-
tive approachesutperformedartitional K -meansbhasedapproacheskor example,Larsen[20] obsenedthatgroup
averagegreedyagglomeratie clusteringoutperformedrariouspartitionalclusteringalgorithmsin documentatasets
from TRECandReuters.

In light of recentadvancesin partitional clustering[6, 20, 7, 4, 8], we revisited the questionof whetheror not
agglomeratie approachegeneratesuperiorhierarchicatreesthanpartitionalapproachesThe focusof this paperis
to comparevariousagglomeratie andpartitionalapproachefor thetaskof obtaininghierarchicaklusteringsolution.
The partitionalmethodsthat we comparedusedifferentclusteringcriterion functionsto derive the solutionsandthe
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areavailablevia WWW atURL: http://www.cs.umn.edu/"karypis



agglomeratie methodausedifferentschemedgor selectinghepair of clusterso memge net. For partitionalclustering
algorithms,we usedsix recentlystudiedcriterion functions[34] that have beenshownn to producehigh-quality par

titional clusteringsolutions. For agglomeratie clusteringalgorithms,we evaluatedthreetraditionalmerging criteria
(i.e., single-link,complete-link,andgroupaverage(UPGMA)) anda new setof memging criteriaderivedfrom the six

partitionalcriterionfunctions.Overall, we comparedsix partitionalmethodsandnineagglomeratie methods.

In additionto thetraditional partitionabndagglomeratie algorithms we developeda new classof agglomeratie
algorithms,in which we introducedintermediateclustersobtainedby partitional clusteringalgorithmsto constrain
the spaceover which agglomeratiordecisionsaremade.We refer to themasconstiainedagglomeamtive algorithms
Thesealgorithmsgeneratéhierarchicaltreesin two steps. First, for eachof the intermediatepartitional clusters,an
agglomeratie algorithmbuilds a hierarchicabubtree Secondthe subtreesrecombinednto asingletreeby building
anuppertreeusingthesesubtreessleaves.

We experimentallyevaluatedthe performanceof thesemethodsto obtain hierarchicalclusteringsolutionsusing
twelve differentdatasetslerived from varioussources.Our experimentsshoved that partitional algorithmsalways
generatdetterhierarchicaklusteringsolutionsthanagglomeratie algorithmsandthatthe constrainecdigglomeratie
methodsconsistentlyleadto bettersolutionsthan agglomeratie methodsaloneandin mostcaseghey outperform
partitionalmethodsaswell. We believe thatthe obseredpoorperformancef agglomeratie algorithmsis becausef
theerrorsthey make duringearlyagglomerationThe superiorityof partitionalalgorithmalsosuggestshatpartitional
clusteringalgorithmsarewell-suitedfor obtaininghierarchicalclusteringsolutionsof large documentatasetslueto
notonly their relatively low computationafequirementshut alsocomparabler betterperformance.

The restof this paperis organizedasfollows. Section2 provides someinformationon hav documentsarerep-
resentecand how the similarity or distancebetweendocumentss computed.Section3 describedifferentcriterion
functionsaswell ascriterionfunctionoptimizationof hierarchicalpartitionalalgorithms.Section4 describevarious
agglomeratie algorithmsandthe constrainechigglomeratie algorithms.Section5 providesthe detailedexperimental
evaluationof thevarioushierarchicaklusteringmethodsaswell astheexperimentalesultsof the constrainecgglom-
erative algorithms.Section6 discussesomeimportantobsenationsfrom the experimentakesults.Finally, Section7
providessomeconcludingremarks.

2 Preliminaries

Through-outhis papemwe will usethesymbolsn, m, andk to denotethe numberof documentsthe numberof terms,
andthe numberof clustersrespectiely. We will usethe symbol S to denotethe setof n documentghatwe wantto
cluster S, S, ..., & todenoteeachoneof thek clustersandng, no, . . ., Nk to denotethe sizesof thecorresponding
clusters.

Thevariousclusteringalgorithmsthataredescribedn this paperusethevectorspacemodel[26] to represeneach
document.n this model,eachdocumend is consideredo be avectorin theterm-spaceln particular we emplosed
thetf —idf termweightingmodel,in which eachdocumentanberepresenteds

(tfy log(n/dfy), tfy log(n/dfy), . . ., tf, log(n/df,)).

wheretf; is thefrequeng of theith termin thedocumentnddf, is thenumberof documentshatcontaintheith term.
To accountfor documentf differentlengths,the lengthof eachdocumentvectoris normalizedsothatit is of unit
length(]|dgigrll = 1), thatis eachdocumentis avectorin the unit hypersphereln therestof the paperwe will assume
thatthe vectorrepresentatiofor eachdocumentasbeenweightedusingtf-idf andit hasbeennormalizedsothatit
is of unit length. Givena set A of documentsndtheir correspondingectorrepresentationsye definethe composite
vectorDatobeDa = )44 d, andthecentroid vectorCa tobeCa = |DT/T .

In the vectorspacemodel, the cosinesimilarity is the most commonly usegmethodto computethe similarity
betweentwo documentsd; anddj, which is definedto be cogd;, dj) = W%W' The cosineformula canbe

simplified to cog(d;, dj) = di‘dj, whenthe documentvectorsare of unit length. This measurdobecomeoneif the
documents@reidentical,andzeroif thereis nothingin commonbetweerthem(i.e., thevectorsareorthogonato each
other).

Vector Properties By usingthe cosinefunction asthe measureof similarity betweendocumentsve cantake
advantageof anumberof propertiesnvolving the compositeandcentroidvectorsof asetof documentsin particular
if § andS; aretwo setsof unit-lengthdocumentsontainingn; andn;j documentsespectiely, andD;, Dj andC;,



C; aretheir correspondingompositeandcentroidvectorsthenthefollowing is true:

1. The sumof the pair-wise similaritiesbetweenthe documentsn § andthedocumenin S is equalto DitDj.

Thatis,
> cosdg.d)= Y  dg'de =Di'Dj. 1)
dqeDj,dreDj dgqeDij,dreDj

2. Thesumof the pair-wise similaritiesbetweerthedocumentsn § is equalto || D; 2. Thatis,

Y. cosdg,d)= D dg'de =Di'Di = |yl (2)

dg.dr eDj dg.dr eDj

Notethatthis equationincludesthe pairwisesimilaritiesinvolving the samepairsof vectors.

3 Hierarchical Partitional Clustering Algorithm

Partitional clusteringalgorithmscan be usedto computea hierarchicalclusteringsolution using a repeateccluster
bisectioningapproach28, 34]. In this approachall the documentsareinitially partitionedinto two clusters.Then,
one of theseclusterscontainingmorethanonedocuments selectedandis further bisected.This processcontinues
n — 1 times,leadingto n leaf clusters,eachcontaininga singledocument.lt is easyto seethatthis approachouilds

the hierarchicalagglomeratie treefrom top (i.e., singleall-inclusive cluster)to bottom(eachdocuments in its own

cluster).In therestof this sectionwe describethe variousaspectof the partitionalclusteringalgorithmthatwe used
in our study

3.1 Clustering Criterion Functions

A key characteristiof mostpartitional clusteringalgorithmsis thatthey usea global criterion function whoseopti-
mizationdrivesthe entire clusteringprocess.For thosepartitional clusteringalgorithms,the clusteringproblemcan
be statedascomputinga clusteringsolutionsuchthatthevalueof a particularcriterionfunctionis optimized.

The clusteringcriterion functionsthat we usedin our study canbe classifiedinto four groups:internal,external,
hybrid andgraph-basedThe internal criterion functionsfocuson producinga clusteringsolutionthat optimizesa
function definedonly over the documentf eachclusteranddoesnot take into accountthe documentsassignedo
differentclusters.The external criterionfunctionsderive the clusteringsolutionby focusingon optimizinga function
thatis basedbn hawv thevariousclustersaredifferentfrom eachother The graph based criterionfunctionsmodelthe
documentssa graphanduseclusteringquality measureslefinedin the graphmodel. The hybrid criterionfunctions
simultaneouslyptimizemultiple individual criterionfunctions.

Internal Criterion Functions Thefirst internal criterion function maximizesthe sum of the averagepairwise
similaritiesbetweenthe documentsassignedo eachcluster weightedaccordingto the size ofeachcluster Specifi-
cally, if we usethe cosinefunctionto measureghe similarity betweerdocumentsthenwe want theclusteringsolution
to optimizethefollowing criterionfunction:

S 1 N
m<';1ximize11=Z:nr — Z cogd;, dj) = Z— 3)

r=1 Ny di.djes r=1 Nr

The secondcriterion functionis usedby the popularvectorspacevariantof the K-meansalgorithm|[6, 20, 7, 28,
17]. In this algorithmeachclusteris representedy its centroidvectorandthe goalis to find the clusteringsolution
that maximizesthe similarity betweereachdocumentndthe centroidof the clusterthatis assignedo. Specifically
if we usethe cosinefunctionto measurehe similarity betweera documentnda centroid,thenthe criterionfunction
becomeghefollowing:

.. k K ditcr K DrtCr k DrtDr k
maximize Z, = E E cogdi, C;). = E E T E T E AT E D]l 4)
r=1dieS r r r=1 r r

r=1deS r=1 =1




ComparingtheZ, criterionfunctionwith Z; we canseethatthe essentiatlifferencebetweerthesecriterionfunctions
is that Z, scalegthe within-clustersimilarity by the || D; || termasopposedo n, termusedby Z;. Theterm || D, || is
nothingmorethanthesquare-roobf thepairwisesimilarity betweerall thedocumentin S, andwill tendto emphasize
theimportanceof clusters(beyondthe || D || term)whosedocumentdhave smallerpairwisesimilaritiescomparedo
clusterswith higherpairwise similarities. Also notethatif the similarity betweera documentndthe centroidvector
of its clusteris definedasjust the dot-productof thesevectors thenwe will getbacktheZ; criterionfunction.

External Criterion Functions It is quite hardto defineexternalcriterionfunctionsthatleadto meaningfulclus-
tering solutions. For example,it may appearthatanintuitive externalfunction may be derived by requiringthatthe
centroidvectorsof thedifferentclustersareasmutually orthogonakspossiblej.e., they containdocumentshatshare
very few termsacrosgshe differentclusters.However, for mary problemsthis criterionfunction hastrivial solutions
that canbe achieved by assigningto the first k — 1 clustersa single documentthat sharesvery few termswith the
rest,andthenassigningthe rest of the documentdo the kth cluster For this reason the externalfunction that we
will discusgtriesto separatehe documentf eachclusterfrom the entire collection,asopposedrying to separate
the documentsamongthe differentclusters.This externalcriterion function was motivatedby multiple discriminant
analysisandis similarto minimizing thetraceof the between-clustescattematrix [9, 30].
In particular our externalcriterionfunctionis definedas

K
minimize Z n cosCy, C), (5)
r=1

whereC is the centroidvectorof the entire collection. From this equationwe can seethat we try to minimize the
cosinebetweenthe centroidvectorof eachclusterto the centroidvectorof the entire collection. By minimizing the
cosinewe essentiallytry to increasethe anglebetweenthemasmuchaspossible.Also notethatthe contribution of
eachclusteris weightedbasedon the clustersize,sothatlarger clusterswill weightheavier in the overall clustering
solution.Equation5 canbere-writtenas

k ctc k DD 1 (" DrtD>

k
; ' ' 2 “ICIIC 2 "ID DI 11D 2 "D |

r=1 r=1 r=1

whereD is the compositevectorof the entiredocumentollection. Notethatsincel/|| D| is constanirrespectve of
theclusteringsolutionthe criterionfunctioncanbere-stateds:

K t
. D/'D
minimize & = E Ny ——.
2"y

(6)

As we canseefrom Equation6, even-thoughourinitial motivationwasto defineanexternalcriterionfunction,because
we usedthe cosinefunction to measurethe separatiorbetweenthe clusterand the entire collection, the criterion
function doestake into accountthe within-clustersimilarity of the documentgdueto the || D, || term). Thus,&; is
actuallya hybrid criterionfunctionthatcombineshoth externalandinternalcharacteristicef the clusters.

Hybrid Criterion Functions In our study we will focuson two hybrid criterion function that are obtainedby
combiningcriterionZy with £1, andZ, with &1, respectrely. Formally, thefirst criterionfunctionis

. T k D 112/n
maximize Hy = — = D=1 IDr 1%/ -

& Y nD!'D/ID ]

andtheseconds .
T 3ralbr
&YX nD'D/ID|

Notethatsince&; is minimized,both#1 and#2 needto be maximizedasthey areinverselyrelatedto &£;.

maximize Hy =

8



Graph Based Criterion Functions An alternateway of viewing the relationsbetweenthe documentss to

usesimilarity graphs. Given a collection of n documentsS, the similarity graphGs is obtainedby modelingeach
documentsavertex, andhaving anedgebetweereachpair of verticeswhoseweightis equalto thesimilarity between
the correspondinglocuments.Viewing the documentsn this fashion,a numberof internal, external,or combined
criterionfunctionscanbe definedthatmeasureheoverall clusteringquality. In our studywe will investigateonesuch
criterionfunctioncalledMinMaxCut, thatwasproposedecently[8]. MinMaxCutfalls underthecateyory of criterion

functionsthatcombineboththeinternalandexternalviews of the clusteringprocessandis definedas|[8]

K\ cut§,S-S)
=1 Zdi,djes SIITI(d, 5 dj)’

wherecut(S, S— S ) istheedge-cubetweertheverticesin S to therestof theverticesin thegraphS— S . Theedge-
cut betweertwo setsof verticesA and B is definedto be the sumof theedgesconnectingverticesin A to verticesin
B. Themotivationbehindthis criterionfunctionis thatthe clusteringprocessanbe viewed asthatof partitioningthe
documentsnto groupsby minimizing the edge-cubf eachpartition. However, for reasonsimilarto thosediscussed
in Section3.1,suchanexternalcriterionmay have trivial solutions,andfor this reasoreachedge-cuis scaledby the
sumof theinternaledges As shavn in [8], this scalingleadsto betterbalancectlusteringsolutions.

If we usethe cosinefunctionto measurehe similarity betweenthe documentsand Equationsl and2, thenthe
above criterionfunctioncanbere-writtenas

K Yges.djes—g cogd. dj) _Xk:Drt(D—Dr) B X“: DD
2_4,.djes COdi, dj) = ID? IDr2)

r=1

minimize

r=1
andsincek is constantthe criterionfunctioncanbe simplifiedto
K. D/'D

minimize G; = ; D

©)

3.2 Criterion Function Optimization

Our partitional algorithm usesan approachinspiredby the K-meansalgorithmto optimize eachone of the above
criterionfunctions,andis similar to thatusedin [28, 34]. The detailsof this algorithmareprovidedin the remaining
of this section.

Initially, arandompair of documentss selectedrom thecollectionto actastheseedof thetwo clusters.Then,for
eachdocumentits similarity to thesetwo seedss computedandit is assignedo the clustercorrespondingo its most
similar seed.This formstheinitial two-way clustering. This clusteringis thenrepeatedlyrefinedsothatit optimizes
thedesiredclusteringcriterionfunction.

The refinementstratgy that we usedconsistsof a numberof iterations. During eachiteration, the documents
arevisited in arandomorder For eachdocumentd;, we computethe changein the value of the criterion function
obtainedby maving d; to oneof theotherk — 1 clusters.If thereexist somemaovesthatleadto animprovementin the
overallvalueof thecriterionfunction,thend; is movedto theclusterthatleadsto the highestimprovement.If nosuch
clusterexists, d; remainsin the clusterthatit alreadybelongsto. The refinemeniphaseends,assoonaswe perform
aniterationin which no documentsnovedbetweerclusters.Notethatunlike thetraditionalrefinementpproactused
by K-meangype of algorithms the above algorithmmaovesa documentssoonasit is determinedhatit will leadto
animprovementin thevalueof the criterionfunction. This type of refinementlgorithmsareoftencalledincremental
[9]. Sinceeachmove directly optimizesthe particularcriterionfunction, this refinemenstratey alwayscorvergesto
alocal minima. Furthermorepecausehe variouscriterion functionsthat usethis refinementstratey aredefinedin
termsof clustercompositeandcentroidvectors the changen thevalueof the criterionfunctionsasa resultof single
documenmovescanbe computedefficiently.

The greedynatureof therefinementlgorithmdoesnot guaranteehatit will corvergeto a globalminima,andthe
local minimasolutionit obtainsdepend®on the particularsetof seeddocumentghatwereselectedduring the initial
clustering.To eliminatesomeof this sensitvity, theoverall processs repeated numberof times. Thatis, we compute
N differentclusteringsolutions(i.e., initial clusteringfollowed by clusterrefinement) andthe onethatachiezesthe
bestvaluefor the particularcriterionfunctionis kept. In all of our experimentswe usedN = 10. For therestof this



discussiorwhenwe referto the clusteringsolutionwe will meanthe solutionthatwasobtainedby selectingthe best
outof theseN potentiallydifferentsolutions.

3.3 Cluster Selection

We experimentedwith two differentmethodsfor selectingwhich clusterto bisectnext. The first methodusesthe
simplestratgy of bisectingthe largestclusteravailableat thatpoint of the clusteringsolution. Our earlierexperience
with this approactshavedthatit leadsto reasonablygoodandbalancectlusteringsolutions[28, 34]. However, its
limitation is thatit cannotgracefullyoperatein datasetsn which the naturalclustersare of differentsizes,asit will
tendto partitionthoselarger clustersfirst. To overcomethis problemandobtainmorenaturalhierarchicalsolutions,
we developeda methodthat amongthe currentk clusters,selectsthe clusterwhich leadsto the k + 1 clustering
solutionthatoptimizesthe valueof the particularcriterionfunction (amongthe differentk choices).Our experiments
shovedthatthis approactperformssomevhatbetterthanthe previous schemeandis the methodthatwe usedin the
experimentgresentedn Section5.

3.4 Computational Complexity

Oneof theadvantage®f our partitionalalgorithmandthatof othersimilar partitionalalgorithms js thatit hasrelatively
low computationatequirementsA two-clusteringof asetof documentganbecomputedn time linearonthenumber
of documentsasin mostcaseshenumberof iterationsrequiredfor thegreedyrefinementlgorithmis small(lessthan
20),andareto alarge extendindependentn the numberof documentsNow if we assumeéhatduringeachbisection
step,theresultingclustersarereasonabhbalancedi.e., eachclustercontainsa fraction ofthe original documents),
thenthe overallamountof time requiredto computeall n — 1 bisectionds O(nlogn).

4 Hierarchical Agglomerative Clustering Algorithm

Unlike the partitionalalgorithmsthatbuild the hierarchicakolutionfor top to bottom,agglomeratie algorithmsbuild
the solutionby initially assigningeachdocumento its own clusterandthenrepeatedlyselectingand meiging pairs
of clustersto obtaina singleall-inclusive cluster Thus,agglomeratie algorithmsbuild thetreefrom bottom(i.e., its
leaves)towardthetop (i.e., root).

4.1 Cluster Selection Schemes

The key parametein agglomeratie algorithmsis the methodusedto determinethe pairsof clustersto be meigedat
eachstep. In mostagglomeratie algorithms,this is accomplishedy selectingthe mostsimilar pair of clusters,and
numerousapproachebave beendevelopedfor computingthe similarity betweentwo clusters[2719, 16, 10, 1118].
In our studywe usedthe single-link,complete-linkandUPGMA schemesaswell as,thevariouspartitionalcriterion
functionsdescribedn Section3.1.

Thesingle-link[27] schemeaneasureshe similarity of two clustersby the maximumsimilarity betweerthe docu-
mentsfrom eachcluster Thatis, the similarity betweertwo clusters§ andS; is givenby

SiMsingle-link(S » Sj) = d

j €

m%x N {cogd;, dj)}. (10)

IE
In contrastthe complete-linkschemg19] usesthe minimum similarity betweena pair of documentto measurehe
samesimilarity. Thatis,

SiMcomplete-ink S , §) = midn-eS {cogd;, dj )} (11)
> ¥ )

de§
In general,both the single-andthe complete-linkapproacheslo not work very well becausehey eitherbasetheir
decisionson limited amountof information(single-link),or they assumehatall the documentsn theclusterarevery
similar to eachother(complete-linkapproach) The UPGMA schemg16] (alsoknown asgroupaverage)overcomes
theseproblemsby measuringhe similarity of two clustersasthe averageof the pairwisesimilarity of the documents
from eachcluster Thatis,

simppema(§. S)) = — Y coddi, dj) = —. (12)
NN ges djes, nin,




Thepartitionalcriterionfunctions,describedn Section3.1,canbeconvertedinto clusterselectionschemegor ag-
glomeratve clusteringusingthe generaframework of stepwiseoptimization[9], asfollows. Considerann-document
dataseandtheclusteringsolutionthathasbeencomputedafterperformingl memging steps.This solutionwill contain
exactly n — | clusters,as eachmeming stepreduceshe numberof clustersby one. Now, given this (n — I)-way
clusteringsolution,the pair of clustersthatis selectedo be meigednext, is the onethatleadsto an(n — | — 1)-way
solutionthatoptimizestheparticularcriterionfunction. Thatis, eachoneof the(n—1I) x (n—I — 1) /2 pairsof possible
meigesis evaluated andthe onethatleadsto a clusteringsolutionthathasthe maximum(or minimum) valueof the
particularcriterionfunctionis selectedThus,the criterionfunctionis locally optimizedwithin the particularstageof
theagglomeratie algorithm.This processontinueauntil the entireagglomeratie treehasbeenobtained.

4.2 Computational Complexity

Therearetwo main computationallyexpensve stepsin agglomeratie clustering.Thefirst stepis the computatiorof
the pairwisesimilarity betweenall the documentsn the dataset. The compleity of this stepis, in general,0(n?)
because¢he averagenumberof termsin eachdocumenis smallandindependentf n.

Thesecondstepis therepeatedelectiorof the pair of mostsimilar clustersor thepair of clusterghatbestoptimizes
the criterion function. A naive way of performingthatis to recomputethe gains achiezed by meiging eachpair of
clustersaftereachlevel of the agglomerationandselectthe mostpromisingpair. During thelth agglomeratiorstep,
thiswill requireO((n — 1)2) time, leadingto anoverall compleity of O(n3). Fortunatelythe compleity of this step
canbereducedor single-link,complete-link UPGMA, 71, T, £1, andGi. Thisis becaus¢hepairwisesimilaritiesor
theimprovementsn thevalueof the criterionfunctionachieved by mewging a pair of clusters andj doesnotchange
during the differentagglomeratie steps,aslong asi or j is not selectedo be meiged. Consequentlythe different
similaritiesor gainsin the valueof the criterion function canbe computedoncefor eachpair of clustersandinserted
into a priority queue As a pair ofclusters and| is selectedo bememgedto form clusterp, thenthe priority queuds
updatedsothatary gainscorrespondingo clusterpairsinvolving eitheri or j areremoved,andthegainsof memging
therestof the clusterswith the newly formedclusterp areinserted.During thelth agglomeratiorstep,thatinvolves
O(n—1) priority queuedeleteandinsertoperationslf the priority queuds implementedisingabinaryheap thetotal
complity of theseoperationss O((n—1) log(n — 1)), andtheoverall compl«ity overthen — 1 agglomeratiorsteps
is O(nZlogn).

Unfortunately the original compleity of O(n®) of the nave approachcannotbe reducedfor the 1 and H,
criterionfunctions,becaus¢heimprovementin the overall valueof the criterionfunctionwhena pair of clusterd and
j is megedtendsto be changedor all pairsof clusters.As aresult,they cannotbe pre-computedndinsertednto a
priority queue.

4.3 Constrained Agglomerative Clustering

Oneof the advantageof partitional clusteringalgorithmsis thatthey useinformationaboutthe entire collection of
documentsvhenthey partitionthedataseinto a certainnumberof clusters.Ontheotherhand theclusteringdecisions
madeby agglomeratie algorithmsarelocal in nature. This hasbothits advantagesswell asits disadwantagesThe
adwantageis thatit is easyfor themto grouptogetherdocumentghatform smallandreasonablyohesie clustersa
taskin which partitionalalgorithmsmayfail asthey may split suchdocumentscrossclusterboundariegarly during
the partitionalclusteringprocesgespeciallywhenclusteringlarge collections).However, their disadwantagds thatif
thedocumentarenot part of particularlycohesve groups thentheinitial meging decisionsmaycontainsomeerrors,
whichwill tendto be multiplied asthe agglomeratiorprogressesThis is especiallytrue for the casesn which there
arealarge numberof equallygoodmeiging alternatvesfor eachcluster

Oneway of improving agglomeratie clusteringalgorithmsby eliminatingthis type of errors,is to usea partitional
clusteringalgorithmto constrairthespaceoverwhichagglomeratiomecisionsaremade sothateachdocuments only
allowedto meige with otherdocumentghatarepart ofthe samepatrtitionally discoveredcluster In this approacha
partitionalclusteringalgorithmis usedto computeak-way clusteringsolution. Then,eachof theseclusterds treatedas
aseparateollectionandanagglomeratie algorithmis usedto build atreefor eachoneof them.Finally, thek different
treesarecombinedinto a singletreeby memging themusinganagglomeratie algorithmthattreatsthe documentof
eachsubtreeasa clusterthat hasalreadybeenformedduring agglomeration.The adwvantageof this approachs that
it is ableto benefitfrom the global view of the collectionusedby partitionalalgorithmsandthe local view usedby
agglomeratie algorithms. An additionaladvantageis thatthe computationatompleity of constrainedtlusteringis
O(k((%)2 Iog(E)) + k?logk), wherek is the numberof intermediatepartitionalclusters.If k is reasonablyarge,e.g.,



k equals,/n, the original complexity of O(n?logn) for agglomeratie algorithmsis reducedo O(n%2logn).

5 Experimental Results

We experimentallyevaluatedthe performancef the variousclusteringmethodgo obtainhierarchicakolutionsusing
a numberof differentdatasetslin the restof this sectionwe first describethe variousdatasetsand our experimental
methodologyfollowedby a descriptionof the experimentakesults. Thedatasetaswell asthevariousalgorithmsare
availablein the CLUTO clusteringtoolkit, which canbe downloadedfrom http://wwwcs.umn.edu/ karypis/cluto

5.1 Document Collections

In our experiments,we useda total of twelve different datasetsywhosegeneralcharacteristicare summarizedn
Table 1. The smallestof thesedatasetsontained878 documentsand the largestcontained4,069 documents.To
ensurediversity in the datasetsye obtainedthem from different sources. For all datasetsye useda stop-listto
remove commonwords,andthe wordswere stemmedusing Porters suffix-stripping algorithm[25]. Moreover, ary
termthatoccursin fewer thantwo documentsvaseliminated.

Data Source # of documents| # of terms | # of classes
fbis FBIS (TREC) 2463 12674 17
hitech SanJoseMercury (TREC) 2301 13170 6
reviews | SanJoseMercury (TREC) 4069 23220 5
lal LA Times(TREC) 3204 21604 6
la2 LA Times(TREC) 3075 21604 6
tr31 TREC 927 10128 7
tr4l TREC 878 7454 10
re0 Reuters-21578 1504 2886 13
rel Reuters-21578 1657 3758 25
kla WebACE 2340 13879 20
klb WebACE 2340 13879 6
wap WebACE 1560 8460 20

Table 1: Summary of data sets used to evaluate the various clustering criterion functions.

Thefbis datasets from the ForeignBroadcastnformationServicedataof TREC-5[31], andtheclassegorrespond
to the catgyorizationusedin thatcollection. The hitech andreviews datasetsverederivedfrom the SanJoseMercury
newspaperarticlesthataredistributedas part ofthe TREC collection(TIPSTERVol. 3). Eachoneof thesedatasets
wasconstructedy selectingdocumentghatare part of certaintopicsin which the variousarticleswere categorized
(basedon the DESCRIPTtag). The hitech datasettontaineddocumentsaboutcomputersglectronics health,med-
ical, researchandtechnology;andthe reviews datasetontaineddocumentsaboutfood, movies, music, radio, and
restaurantsin selectingthesedocumentsve ensuredhatno two documentsharethe sameDESCRIPTtag (which
cancontainmultiple cateyories). Thelal andla2 datasetsvereobtainedfrom articlesof the Los AngelesTimesthat
wasusedin TREC-5[31]. The catgyoriescorrespondo the deskof the paperthateacharticle appearedndinclude
documentdrom the entertainmentfinancial, foreign, metro, national,and sportsdesks. Datasetdr31 andtr41 are
derivedfrom TREC-5[31], TREC-6[31], andTREC-7[31] collections. The classe®f thesedatasetsorrespondo
the documentghatwerejudgedrelevantto particularqueries. The datasetseO andrel arefrom Reuters-21578xt
catgyorizationtestcollectionDistribution 1.0[21]. We divided the labelsinto two setsandconstructedlatasetsc-
cordingly For eachdatasetye selectedlocumentshathave asinglelabel. Finally, thedataset&la kl1h andwapare
from the WebACE project[23, 12, 2, 3]. Eachdocumentorrespondso a web pagelistedin the subjecthierarcly of
Yahoo![32]. Thedatasetklaandklbcontainexactlythesamesetof documentdutthey differin how thedocuments
wereassignedo differentclasseslin particular klacontainsa finergraincateyorizationthanthatcontainedn k1hb.

5.2 Experimental Methodology and Metrics

For eachone of the differentdatasetsve obtainedhierarchicalclusteringsolutionsusingthe variouspartitionaland
agglomeratie clusteringalgorithmsdescribedn Sections3 and4. Thequality of a clusteringsolutionwasdetermined
by analyzingthe entire hierarchicaltreethatis producedby a particularclusteringalgorithm. This is often doneby



usingameasurehattakesinto accountheoverall setof clustershatarerepresentedh thehierarchicatree.Onesuch
measuras the FScore measure, introducedby [20]. Givena particularclassC; of sizen, anda particularcluster§
of sizen;, supposeaj documentsn theclusterS belongto C,, thenthe FScoreof this classandclusteris definedto

be
2% R(C P(C
F(Cr,S)z * ( r’S)* ( I"S)’
R(Cr, §)+ PG, §)
whereR(C;, §) is therecallvaluedefinedasn,; /ny, and P(C;, §) is the precisionvaluedefinedasn,; /n; for the
classC, andtheclusterS. The FScoreof the classC;, is the maximumFScorevalue attainedat ary nodein the

hierarchicaklusteringtreeT. Thatis,

F(C) = gng?(l:(cr, S).

The FScoreof the entire clusteringsolutionis then definedto be the sumof the individual classFScoreweighted

accordingto theclasssize.
C

n
FScoe= ) —F(C),
n
r=1
wherec is the total numberof classes. A perfectclusteringsolution will be the onein which every classhasa
correspondingcluster containingthe exactly samedocumentsn the resulting hierarchicaltree, in which casethe
FScorewill beone.In generalthe higherthe FScorevalues the betterthe clusteringsolutionis.

5.3 Comparison of Partitional and Agglomerative Trees

Ourfirst setof experimentsvasfocusedon evaluatingthe quality of the hierarchicaklusteringsolutionsproducecby
variousagglomeratie algorithmsandpartitionalalgorithms.For agglomeratie algorithms nine selectionschemesr
criterionfunctionshave beentestedincluding the six criterion functionsdiscussedn Section3.1,andthethreetradi-
tional selectionschemegi.e., single-link, complete-linkandUPGMA). We namecthis setof agglomeratie methods
directly with the nameof the criterion function or selectionschemeg.g., “Z1” meansthe agglomeratie clustering
methodwith Z; asthe criterion functionand“UPGMA” meansthe agglomeratie clusteringmethodwith UPGMA
asthe selectionscheme. We also evaluatedvariousrepeatedisectionalgorithmsusing the six criterion functions
discussedn Section3.1. We namedthis setof partitional methodsby addinga letter “p” in front of the nameof
the criterion function, e.qg., “pZ1” meansthe repeatedisectionclusteringmethodwith Z; asthe criterion function.
Overall, we evaluatedL5 hierarchicaklusteringmethods.

TheFScoreresultsfor the hierarchicakreesfor thevariousdatasetandmethodsareshowvn in Table2, whereeach
row correspondso one methodandeachcolumncorrespond$o onedataset.The resultsin this table are provided
primarily for completenesandin orderto evaluatethe variousmethodswve actuallysummarizedheseresultsin two
ways,oneis by looking at the averageperformancef eachmethodover the entiresetof datasetsandthe otheris by
comparingeachpair of methodgo seewhich methodoutperformghe otherfor mostof the datasets.

fbis hitech kla k1lb lal la2 re0 rel reviews tr31 tr4l wap
& 0.643 | 0.485 | 0.544 | 0.816 | 0.634 | 0.633 | 0.590 | 0.655 | 0.724 [ 0.795 | 0.772 | 0.577
G1 0.624 | 0.471 | 0.603 | 0.844 | 0.612 | 0.644 | 0.581 | 0.617 | 0.654 | 0.796 | 0.754 | 0.618
Hq 0.629 | 0.491 | 0.597 | 0.872 | 0.642 | 0.613 | 0.603 | 0.662 0.651 0.818 | 0.728 | 0.629
Ho 0.637 | 0.468 | 0.579 | 0.858 | 0.620 | 0.697 | 0.585 | 0.660 0.727 0.789 | 0.729 | 0.580
I 0.592 | 0.480 | 0.583 | 0.836 | 0.580 | 0.610 | 0.561 | 0.607 | 0.642 | 0.756 | 0.694 | 0.588
I 0.639 | 0.480 | 0.605 | 0.896 | 0.648 | 0.681 | 0.587 | 0.684 | 0.689 | 0.844 | 0.779 | 0.618
UPGMA | 0.673 | 0.499 | 0.646 | 0.892 | 0.654 | 0.709 | 0.584 | 0.695 | 0.750 | 0.816 | 0.826 | 0.640
slink 0.481 | 0.393 | 0.375 | 0.655 | 0.369 | 0.365 | 0.465 | 0.445 0.452 0.532 | 0.674 | 0.435
clink 0.609 | 0.382 | 0.552 | 0.764 | 0.364 | 0.449 | 0.495 | 0.508 | 0.513 | 0.804 | 0.758 | 0.569
p&q 0.623 | 0.577 | 0.670 | 0.891 | 0.721 | 0.787 | 0.618 | 0.758 0.870 0.858 | 0.743 | 0.694
pG1 0.668 | 0.512 | 0.697 | 0.872 | 0.758 | 0.725 | 0.639 | 0.721 | 0.818 | 0.892 | 0.783 | 0.687
pH1 0.686 | 0.545 | 0.691 | 0.889 | 0.761 | 0.742 | 0.628 | 0.699 | 0.746 | 0.877 | 0.811 | 0.672
pH2 0.641 | 0.581 | 0.693 | 0.902 | 0.749 | 0.739 | 0.632 | 0.723 | 0.859 | 0.873 | 0.800 | 0.690
pZy 0.702 | 0.481 | 0.666 | 0.876 | 0.646 | 0.634 | 0.626 | 0.675 | 0.762 | 0.769 | 0.753 | 0.679
pZy 0.681 | 0.575 | 0.682 | 0.882 | 0.801 | 0.766 | 0.633 | 0.712 0.821 0.893 | 0.833 | 0.714

Table 2: The FScores for the different datasets for the hierarchical clustering solutions obtained via various hierarchical clustering
methods.

Thefirstway of summarizingheresultsis to averagehe FScorefor eachmethodoverthetwelve differentdatasets.



However, sincethe hierarchicakreequality for differentdatasetss quite different,we felt thatsuchsimpleaveraging
may distortthe overall results.For this reasonwe usedaveragef relative FScoresasfollows. For eachdatasetye

dividedthe FScoreobtainedby a particularmethodby the largestFScoreobtainedfor thatparticulardatasebver the
15methodsTheseratiosrepresenthe degreeto which a particularmethodperformedworsethanthe bestmethodfor

that particularseriesof experiments.Note that for differentdatasetsthe methodthat achiesed the besthierarchical
treeasmeasuredby FScoremaybedifferent. Theseratiosarelesssensitie to the actualFScorevalues.We will refer
to theseratiosasrelative FScoes Since,higher FScorevaluesare better all theserelative FScorevaluesareless
thanone. Now, for eachmethodwe averagedheserelative FScoreover the variousdatasetsA methodthathasan
average relative FScore closeto 1.0will indicatethatthis methoddid the bestfor mostof the datasetsOn the other
hand,if theaveragerelative FScoreis low, thenthis methodperformedpoorly.

Theresultsof the relative FScoredor varioushierarchicalclusteringmethodsareshaovn in Table3. Again, each
row of thetable correspond$o one method,and eachcolumnof the table correspond$o onedataset.The average
relative FScorevaluesareshavn in the lastcolumnlabeled‘Average”. The entriesthat are boldfacedcorrespondo
themethodghat performedthe best,andthe entriesthatareunderlinedcorrespondo the methodghat performedthe
bestamongagglomeratie methodsor partitionalmethods.

fbis hitech kla k1lb lal la2 re0 rel reviews tr31 tr4l wap Average
& 0.916 | 0.835 | 0.780 | 0.905 | 0.791 | 0.804 | 0.923 | 0.864 | 0.832 | 0.890 | 0.927 | 0.808 0.856
g1 0.889 | 0.811 | 0.865 | 0.936 | 0.764 | 0.818 | 0.909 | 0.814 | 0.752 | 0.891 | 0.905 | 0.866 0.852
Hy 0.896 | 0.845 | 0.857 | 0.967 | 0.801 | 0.779 | 0.944 | 0.873 | 0.748 | 0.916 | 0.874 | 0.881 0.865
Ho 0.907 | 0.805 | 0.831 | 0.951 | 0.774 | 0.886 | 0.915 | 0.871 | 0.836 | 0.883 | 0.875 | 0.812 0.862
I 0.843 | 0.826 | 0.836 | 0.927 | 0.724 | 0.775 | 0.878 | 0.801 | 0.738 | 0.847 | 0.833 | 0.824 0.821
I 0.910 | 0.826 | 0.868 | 0.993 | 0.809 | 0.865 | 0.919 | 0.902 | 0.792 | 0.945 | 0.935 | 0.866 0.886
UPGMA | 0.959 | 0.859 | 0.927 | 0.989 | 0.817 | 0.901 | 0.914 | 0.917 | 0.862 | 0.914 | 0.992 | 0.896 0.912
slink 0.685 | 0.676 | 0.538 | 0.726 | 0.461 | 0.464 | 0.728 | 0.587 | 0.519 | 0.596 | 0.809 | 0.609 0.617
clink 0.868 | 0.657 | 0.792 | 0.847 | 0.454 | 0.571 | 0.775 | 0.670 | 0.590 | 0.900 | 0.910 | 0.797 0.736
pE1 0.887 | 0.993 | 0.961 | 0.988 | 0.900 | 1.000 | 0.967 | 1.000 1.000 | 0.961 | 0.892 | 0.972 0.960
pg1 0.952 | 0.881 | 1.000 | 0.967 | 0.946 | 0.921 | 1.000 | 0.951 | 0.940 | 0.999 | 0.940 | 0.962 0.955
pH1 0.977 | 0.938 | 0.991 | 0.986 | 0.950 | 0.943 | 0.983 | 0.922 | 0.858 | 0.982 | 0.974 | 0.941 0.954
pHo 0.913 | 1.000 | 0.994 | 1.000 | 0.935 | 0.939 | 0.989 | 0.954 | 0.987 | 0.978 | 0.960 | 0.966 0.968
pZy 1.000 | 0.828 | 0.956 | 0.971 | 0.806 | 0.806 | 0.980 | 0.890 | 0.876 | 0.861 | 0.904 | 0.951 0.902
pZ, 0.970 | 0.990 | 0.979 | 0.978 | 1.000 | 0.973 | 0.991 | 0.939 | 0.944 | 1.000 | 1.000 | 1.000 0.980

Table 3: The relative FScores averaged over the different datasets for the hierarchical clustering solutions obtained via various
hierarchical clustering methods.

A numberof obsenationscanbe madeby analyzingthe resultsin Table3. First, the repeatedisectionmethod
with the Z, criterionfunction (i.e., “pZ,") leadsto the bestsolutionsfor mostof the datasets Over the entire setof
experimentsthis methodis eitherthe bestor alwayswithin 6% of the bestsolution. On the average the pZ, method
outperformgheotherpartitionalmethodsandagglomeratie methodshy 2%—-8%and7%—37% respectiely. Second,
the UPGMA methodperformsthe bestamongagglomeratie methoddollowed by the Z, method.Thetwo methods
togetherachieszed the besthierarchicalclusteringsolutionsamongagglomeratie methodgor all the datasetgxcept
re0.Ontheaveragethe UPGMA andZ, methodsoutperformthe otheragglomeratie methodsy 5%—30%and2%—
27%, respectiely. Third, partitionalmethodsoutperformagglomeratie methods.Exceptfor the pZ; method,each
oneof theremainingfive partitionalmethodson the averageperformsbetterthanall the nine agglomeratie methods
by atleast5%. The pZ; methodperformsa little bit worsethanthe UPGMA methodandbetterthanthe restof the
agglomeratie methods.Fourth, single-link, complete-linkandZ; performedpoorly amongagglomeratie methods
andpZ; performedthe worstamongpartitionalmethods.Finally, on the average,H; and#, arethe agglomeratie
methodghatleadto the secondbesthierarchicalclusteringsolutionsamongagglomeratie methods.WhereaspH.
and p&; arethe partitional methodsthat leadto the secondbesthierarchicalclusteringsolutionsamongpartitional
methods.

Whenthe relative performanceof different methodsis close,the averagerelative FScoreswill be quite similar.
Hence,to make the comparison®f thesemethodseasiey our secondway of summarizingthe resultsis to createa
dominancematrix for the variousmethods.As shavn in Table4, the dominancematrix is a 15 by 15matrix, where
eachrow or columncorrespondso onemethodandthe valuein eachentryis the numberof datasetsor which the
methodcorrespondingdo the row outperformsthe methodcorrespondingo the column. For example,the valuein
the entry of therow Z> andthe columné&; is eight, which meansfor eight out of the twelve datasetsthe Zo method
outperformghe £, method.Thevaluesthatarecloseto twelve indicatethatthe row methodoutperformghe column
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E1 | G1 | H1 | Ho | T1 | Tp | UPGMA | slink | clink | p€1 | pG1 | pH1 | PH2 | PZ1 | PZ2
& 0 7 4 6 9 4 1 12 10 2 0 0 1 3 0
g1 5 0 4 5 1] 0 0 12 10 2 0 0 0 3 0
Ha 8 8 0 8 12 | 3 2 12 11 1 0 0 0 2 0
Ho 6 7 4 0 9 2 1 12 10 1 0 0 0 2 0
I 3 1 0 3 0 0 0 12 9 0 0 0 0 0 0
I 8 11 9 10 11 0 3 12 12 3 1 1 0 6 1
UPGMA | 11 | 12 | 10 1 | 12| 9 0 12 12 3 3 3 2 7 1
slink 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0
clink 2 2 1 2 3 0 0 10 0 1 0 0 0 2 0
pEL 10 [ 10 | 11 | 11 | 12 | 9 9 12 11 0 6 6 4 9 5
pG1 12 12 11 12 12 11 9 12 12 6 0 6 5 10 3
pH1 12 12 12 12 12 11 9 12 12 6 6 0 5 9 3
pH2 11 | 12 | 12 12 | 12 | 12 10 12 12 8 7 7 0 11 5
pZy 9 9 10 10 | 12 | 6 5 12 10 3 2 3 1 0 1
pZy 12 12 12 12 12 11 11 12 12 7 9 9 7 11 0

Table 4: Dominance matrix for various hierarchical clustering methods.

method.

Similar obserationscanbe madeby analyzingthe resultsin Table 3. First, partitional methodsoutperformag-
glomeratve methods. By looking at the left bottom part of the dominancematrix, we canseethat all the entries
arecloseto twelve excepttwo entriesin the row of pZ;, which meanseachpartitionalmethodperformsbetterthan
agglomeratie methoddor all or mostof the datasetsSecondpy looking at the submatrixof the comparisonsvithin
agglomeratie methodgi.e., theleft top part ofthedominancematrix), we canseethatthe UPGMA methodperforms
the bestfollowed by Z, and# 1, andslink, clink andZ; aretheworstsetof agglomeratie methods.Third, from the
submatrixof the comparisonsvithin partitionalmethodgi.e., theright bottompart ofthe dominancematrix), we can
seethatpZ; leadsto bettersolutionsthanthe otherpartitionalmethodsor mostof the dataset$ollowedby pH2, and
pZ; performedworsethanthe otherpartitionalmethodsfor mostof the datasets.

5.4 Constrained Agglomerative Trees

Our secondsetof experimentsvasfocusedon evaluatingthe constrainedagglomeratie clusteringmethods.These
resultswereobtainedby usingthedifferentcriterionfunctionsto find intermediatepartitionalclustersandthenusing
UPGMA astheagglomeratie schemeo constructhefinal hierarchicakolutionsasdescribedn Sectiond.3. UPGMA
wasselectedecausédt performedthe bestamongthe variousagglomeratie schemes.

The resultsof the constrainecagglomeratie clusteringmethodsareshavn in Table5. Eachdataseis shavn in
a differentsubtable. Thereare six experimentsperformedfor eachdatasetand eachof them correspondso a row.
Therow labeled“UPGMA” containsthe FScoredor the hierarchicalclusteringsolutionsgeneratedy the UPGMA
methodwith oneintermediatecluster which arethe samefor all the criterionfunctions.Therows labeled*10”, “20”,
“n/40" and“n/20" containthe FScoresobtainedby the constrainecagglomeratie methodsusing 10, 20,n/40 and
n/20 partitionalclustersto constrainthe solution,wheren is the total numberof documentsn eachdatasetTherow
labeled“rb” containsthe FScoredor the hierarchicalclusteringsolutionsobtainedby repeatedisectionalgorithms
with variouscriterionfunctions. The entriesthatareboldfacedcorrespondo the methodthat performedthe bestfor
a particularcriterion function, whereaghe entriesthat are underlinedcorrespondo the besthierarchicalclustering
solutionobtainedfor eachdataset.

A numberof obsenationscanbemadeby analyzingtheresultsin Table5. First, for all thedatasetexcepttr41,the
constrainecigglomeratie methodsmprovedthe hierarchicakolutionsobtainedby agglomeratie methodsalone,no
matterwhatpartitionalclusteringalgorithmis usedto obtainintermediateclusters.Theimprovementcanbe achieved
even with small numberof intermediateclusters. Second,for mary casesthe constrainecagglomeratie methods
performedeven betterthan the correspondingpartitional methods. Finally, the partitional clusteringmethodsthat
improved the agglomeratie hierarchicalresultsthe mostarethe samepartitional clusteringmethodsthat performed
thebestin termsof generatinghewhole hierarchicatrees.

6 Discussion

The mostimportantobsenation from the experimentalresultsis that partitionalmethodsperformedbetterthanag-
glomeratve methods As discussedn Section4.3, oneof the limitations of agglomeratie methodss thaterrorsmay
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fhis hitech
Method &1 g1 Hi Ho I I Method &1 g1 H1 Ho I 7
UPGMA | 0.673 | 0.673 | 0.673 | 0.673 | 0.673 | 0.673 UPGMA | 0.499 | 0.499 | 0.499 | 0.499 | 0.499 | 0.499
10 0.656 | 0.659 | 0.692 | 0.628 | 0.709 | 0.669 10 0.595 | 0.535 | 0.568 | 0.587 | 0.490 | 0.583
20 0.658 | 0.681 | 0.707 | 0.681 | 0.718 | 0.687 20 0.590 | 0556 | 0573 | 0.609 | 0.517 | 0.583
n/40 0.683 | 0.685 | 0.693 | 0.691 | 0.720 | 0.704 n/40 0.554 | 0.536 | 0.563 | 0.578 | 0.539 | 0.564
n/20 0.686 | 0.699 | 0.703 | 0.708 | 0.721 | 0.691 n/20 0.545 | 0.535 | 0.543 | 0.562 | 0.529 | 0.561
b 0.623 | 0.668 | 0.686 | 0.641 | 0.702 | 0.681 b 0.577 | 0512 | 0.545 ] 0581 | 0.481 | 0.575
kla k1b
Method &1 g1 Hi Ho I I Method &1 g1 Hq Ho I I
UPGMA | 0.646 | 0.646 | 0.646 | 0.646 | 0.646 | 0.646 UPGMA | 0.892 | 0.892 | 0.892 | 0.892 | 0.892 | 0.892
10 0.680 | 0.661 | 0.653 | 0.691 | 0.618 | 0.677 10 0.911 | 0.898 | 0.910 | 0.926 | 0.904 | 0.908
20 0.696 | 0.673 | 0.688 | 0.708 | 0.633 | 0.699 20 0.908 | 0.891 | 0.908 | 0.925 | 0.907 | 0.903
n/40 0.694 | 0.680 | 0.721 | 0.724 | 0.649 | 0.700 n/40 0918 | 0.896 | 0.915 | 0.936 | 0.893 | 0.903
n/20 0.692 | 0.683 | 0.710 | 0.714 | 0.669 | 0.722 n/20 0.897 | 0.896 | 0.907 | 0.928 | 0.876 | 0.899
b 0.670 | 0.697 | 0.691 | 0.693 | 0.666 | 0.682 b 0.891 | 0.872 | 0.889 | 0.902 | 0.876 | 0.882
Tal la2
Method &1 g1 Hy Ho I I Method &1 [} Hy Ho I I
UPGMA | 0.654 | 0.654 | 0.654 | 0.654 | 0.654 | 0.654 UPGMA | 0.709 | 0.709 | 0.709 | 0.709 [ 0.709 | 0.709
10 0.736 | 0.704 | 0.707 | 0.743 | 0.629 | 0.806 10 0.712 | 0.719 | 0.714 | 0.740 | 0.672 | 0.759
20 0.747 | 0.712 | 0.709 | 0.728 | 0.665 | 0.798 20 0.794 | 0.735| 0.731 | 0.783 | 0.741 | 0.765
n/40 0.737 | 0.763 | 0.696 | 0.729 | 0.699 | 0.783 n/40 0.792 | 0.772 | 0.725 | 0.789 | 0.738 | 0.787
n/20 0.722 | 0.730 | 0.678 | 0.737 | 0.695 | 0.768 n/20 0.763 | 0.737 | 0.738 | 0.792 | 0.764 | 0.794
b 0.721 | 0.758 | 0.761 | 0.749 | 0.646 | 0.801 b 0.787 | 0.725 ] 0.742 | 0.739 | 0.634 | 0.766
re0 rel
Method 51 gl Hq Ho I I Method 51 (_}1 Hi Ho I I
UPGMA | 0.584 | 0.584 | 0.584 | 0.584 | 0.584 | 0.584 UPGMA | 0.695 | 0.695 [ 0.695 | 0.695 [ 0.695 | 0.695
10 0.622 | 0.632 | 0.624 | 0.650 | 0.611 | 0.629 10 0.713 | 0.741 | 0.730 | 0.723 | 0.714 | 0.731
20 0.631 | 0.639 | 0.616 | 0.646 | 0.614 | 0.632 20 0.719 | 0.735 | 0.728 | 0.728 | 0.708 | 0.724
n/40 0.639 | 0.641 | 0.626 | 0.657 | 0.586 | 0.635 n/40 0.713 | 0.723 | 0.753 | 0.715 | 0.714 | 0.719
n/20 0.633 | 0.642 | 0.626 | 0.645 | 0.634 | 0.645 n/20 0.735 | 0.714 | 0.754 | 0.708 | 0.702 | 0.739
b 0.618 | 0.639 | 0.628 | 0.632 | 0.626 | 0.633 b 0.758 | 0.721 ] 0.699 | 0.723 | 0.675 | 0.712
tr31 tr4l
Method &1 g1 Hy H) I I, Method &1 g1 Hi Ho I I
UPGMA | 0.816 | 0.816 | 0.816 | 0.816 | 0.816 | 0.816 UPGMA | 0.826 | 0.826 | 0.826 | 0.826 | 0.826 | 0.826
10 0.862 | 0.893 | 0.897 | 0.878 | 0.828 | 0.897 10 0.770 | 0.797 | 0.809 | 0.789 | 0.863 | 0.807
20 0.882 | 0.894 | 0.895 | 0.866 | 0.839 | 0.896 20 0.821 | 0.811 | 0.799 | 0.815 | 0.858 | 0.848
n/40 0.896 | 0.894 | 0.891 | 0.881 | 0.847 | 0.853 n/40 0.805 | 0.824 | 0.813 | 0.821 | 0.842 | 0.849
n/20 0.839 | 0.894 | 0.894 | 0.843 | 0.874 | 0.853 n/20 0.818 | 0.782 | 0.793 | 0.802 | 0.802 | 0.839
b 0.858 | 0.892 | 0.877 | 0.873 | 0.769 | 0.893 b 0.743 ] 0.783 | 0.811 | 0.800 [ 0.753 | 0.833
reviews wap
Method &1 g1 H1 Ho I I Method &1 g1 H1 Ho I I
UPGMA | 0.750 | 0.750 | 0.750 | 0.750 | 0.750 | 0.750 UPGMA | 0.640 | 0.640 | 0.640 | 0.640 | 0.640 | 0.640
10 0.870 | 0.854 | 0.844 | 0.866 | 0.817 | 0.851 10 0.696 | 0.685 | 0.684 | 0.679 | 0.639 | 0.658
20 0.871 | 0.847 | 0.846 | 0.867 | 0.815 | 0.850 20 0.677 | 0.705 | 0.694 | 0.672 | 0.640 | 0.672
n/40 0.873 | 0.855 | 0.847 | 0.859 | 0.824 | 0.852 n/40 0.693 | 0.700 | 0.700 | 0.686 | 0.656 | 0.696
n/20 0.862 | 0.852 | 0.849 | 0.858 | 0.828 | 0.852 n/20 0.708 | 0.703 | 0.689 | 0.709 | 0.672 | 0.700
b 0.870 | 0.818 | 0.746 | 0.859 | 0.762 | 0.821 b 0.694 | 0.687 | 0.672 | 0.690 | 0.679 | 0.714

Table 5: Comparison of UPGMA, constrained agglomerative methods with 10, 20, n/40and n/20intermediate partitional clusters,
and repeated bisection methods with various criterion functions.
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beintroducedduringtheinitial meiging decisionsespeciallyfor the casesn whichtherearealargenumberof equally
goodmeiging alternatvesfor eachcluster Without a high-level view of the overall clusteringsolution,it is hardfor

agglomeratie methodgo make the right decisionin suchcases.Sincethe errorswill be carriedthroughandmaybe

multiplied asthe agglomeratiorprogresseshe resultinghierarchicaltreessuffer from thoseearly stageerrors. This

obsenationis alsosupportedrom theexperimentakesultswith the constrainedgglomeratie algorithms.We cansee
in this casethatoncewe constrairthe spaceover which agglomeratiordecisionsaremade evenwith smallnumberof

intermediateclusters someearly stageerrorscanbe eliminated.As aresult,the constrainechgglomeratie algorithms
improvedthe hierarchicakolutionsobtainedby agglomeratie methodsalone.Sinceagglomeratie methodscando a

betterjob of groupingtogetherdocumentghatform smallandreasonablyohesie clustersthanpartitionalmethods,
theresultinghierarchicakolutionsby the constrainecgigglomeratie methodsarealsobetterthanpartitionalmethods
alonefor mary cases.

Anothersurprisingobsenationfrom theexperimentatesultss thatZ; andUPGMA behaeverydifferently. Recall
from Section4.1 that the UPGMA methodselectsto mege the pair of clusterswith the highestaveragepairwise
similarity. Hence,to someextent,via theagglomeratiorprocessit triesto maximizethe averagepairwisesimilarity
betweerthe document®of thediscoseredclusters.On theotherhand,theZ; methodtriesto find a clusteringsolution
that maximizesthe sumof the averagepairwisesimilarity of the documentsn eachcluster weightedby the size of
thedifferentclusters.Thus,Z; canbe consideredasthe criterionfunctionthat UPGMA triesto optimize. However,
our experimentakesultsshovedthatZ; performedsignificantlyworsethanUPGMA.

By looking at the FScorevaluesfor eachindividual class,we found that for mostof the classesZ; canproduce
clusterswith similar quality asUPGMA. However, Z; performedpoorly for afew large classesFor thoseclasses7i
prefersto first megein aloosesubclustenf a differentclass,beforeit megesatight subclusterof the sameclass.
This happensvenif the subclusteiof the sameclasshashighercrosssimilarity thanthe subclusteiof the different
class.This obsenation canbe explainedby thefactthatZ; tendsto mege looseclustersfirst, whichis shavn in the
restof this section.

Fromtheir definitions,the differencebetweernZ; andUPGMA is thatZ; takesinto accountthe crosssimilarities
aswell asinternalsimilaritiesof the clustersto be memgedtogether Let § andS; betwo of the candidateclustersof
sizen; andnj, respectiely, alsolet i anduj betheaveragepairwisesimilarity betweerthedocumentsn § and§;,
respectiely (i.e., ui = G'Ci anduj = Cj th ), andlet &;; betheaveragecrosssimilarity betweerthe documentsn

§ andthedocumentsn §; (i.e., §j = %). UPGMA’s meging decisionsarebasednly on &j . Ontheotherhand,

7; will memge the pair of clustersthat optimizesthe overall objective functions. The changeof the overall objective
functionaftermeging two clustersS andsS; to obtainclusterS is givenby,

ID I IDil*  IDj?
Ny n; nj
i + N2+ 2nin; &j nin;

N — i —
(ni +nj)2 T R

Al =

=Nrpr — N — Njpj

= (N +nj (2&ij — mi — pj). (13)
FromEquation13, we canseethatsmallery; andu j valueswill resultin greaterAZ; values which makeslooser
clusterseasietto bememgedfirst. For example,considethreeclustersS;, S andSs. S istight (i.e., u2 is high) andof
thesameclassasS;, whereasSs is loose(i.e., u3 is low) andof adifferentclass.Supposes andSs have similar size,
whichmeanghevalueof AZ; will bedeterminednainly by (2&; — i — 1 j), thenit is possiblethat (2513 — 11 — u3)
is greaterthan (2512 — w1 — n2) becauseus is lessthanuo, evenif S is closerto S thanS (i.e., 12 > £13). Asa
result,if two classesrecloseandof differenttightness,Z; may meige subclustergérom eachclasstogetherat early
stagesandfail to form propernodesn theresultinghierarchicakreecorrespondingo thosetwo classes.

7 Concluding Remarks

In the paperwe experimentallyevaluatednine agglomeratie algorithmsandsix partitionalalgorithmsto obtain hi-
erarchicalclusteringsolutionsfor documentdatasets.We alsointroduceda new classof agglomeratie algorithms
by constraininghe agglomeratiomprocessausingclustersobtainedby partitionalalgorithms.Our experimentakesults
shavedthatpartitionalmethodsproducedetterhierarchicakolutionsthanagglomeratie methodsandthatthe con-
strainedagglomeratie methodsimproved the clusteringsolutionsobtainedby agglomeratie or partitionalmethods
alone. Theseresultssuggesthat the poor performanceof agglomeratie methodsmay be attributedto the merging
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errorsthey make duringearly stageswhich canbe eliminatedto someextentby introducingpartitionalconstrains.
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